Foreseeing the medical expenditure is beneficial for both insurance companies and individuals. In this paper we propose a new methodology to predict disease risk and medical cost. Based on sequential latent dirichlet allocation (SeqLDA), which classifies hierarchical sequential data into segments of topics, we tried to predict the number of people with diseases and the one-year cost of lifestyle-related diseases. Using the health checkup information and medical claims of 6500 people for three years, we achieved that prediction error was less than conventional LDA, and for accuracy rate, AUC was more than 0.71. The results suggest that the SeqLDA method serve to predict the number of people with diseases and the related medical costs using time series healthcare data.
INTRODUCTION
The increasing incidence of lifestyle-related diseases and non-communicable diseases has become a major issue in many regions (WHO, 2009; Lim et al., 2012) . In Japan, medical expenditures are increasing dramatically, and exceeded 4 trillion yen in 2013. Moreover, lifestyle-related diseases now account for one-third of all medical expenditures (Ministry of Health, Labour and Welfare, 2011) . Predictiion for such diseases and the related medical costs would provide valuable information for healthcare enterprises and administration policymakers.
Several studies have attempted to predict medical costs based on medical claims (receipts). Many of the studies achieved accurate results by means of general regression and cox regression calculations based on an analysis of billing claims (Brandle et al., 2003; Zhao et al., 2005; Bertsimas et al., 2008) . However most research was focused on people with a disease and did not includ healthy people. Practically, health insurance association or municipalities incur medical expenditures for patients who sought medical care even the person had been healthy in previous years. For this reason, it would be more desirable predicting medical expenditure from a certain population including healthy people.
When and how much medical cost occurs will be depend on patients' health status. So if it were possible to estimate and classify patients' health state, we could predict disease risks and medical costs. A previous study using latent dirichlet allocation (LDA), which is a topic model where machine-learning techniques are used for natural language processing, showed that it is possible to predict disease risk with data on medical checkups and claims (Kashima et al., 2013; Ogawa et al., 2014) . However, the data was not processed as time series data, and it could be refined for the purpose of practical use.
In this paper we aimed to evaluate whether adding information of time series of healthcare data to LDA improve prediction performance for disease risk and medical cost. Therefore we applied sequential LDA, which has been developed for handling sequential data as segments of topics to healthcare data (Teh et al., 2006; Lan Du et al., 2010; Lan Du et al., 2012) . SeqLDA gives a sequential topic distribution for a particular period. For healthcare data, the current health status of a person may relate to past data, so SeqLDA would be a better method for predicting the risk of diseases. We present the preliminary results of predicting the risks and medical costs of lifestyle-related diseases using health checkups and claims for three years. For the prevention of lifestyle-related diseases in Japan, the target is for everyone over 40 years old to receive a medical examination once a year. We analyzed health checkup data from 6518 people from 40 to 59 years of age over a period of 4 years.
BACKGROUND AND METHOD

LDA
LDA is a probabilistic topic model for natural language processing. In the topic models, one document is represented as a mixture of a several topics (Blei et al., 2003; Griffiths et al., 2004) . The model offers the possibility of classifying a document with high accuracy compared to the mixed multinomial distribution with a document represented by a single topic. Figure 1 shows a graphical representation of LDA and SeqLDA. LDA is applied to a wide variety of data mining fields such as information retrieval, voice recognition, visibility, and image recognition and has been suggested as effective in the analysis of health care data.
Sequential LDA
In the topic models, a document is regarded as a mixture of latent topics, and each latent topic is a distribution over words in vocabulary. So far, many extensions of topic models have been developed. SeqLDA models document structures, and gives mixtures of topics to both documents and segments. According to Lan Du et al., (2012) , the joint distribution of all observed and latent variables can be constructed directly from Figure 1 using the distribution given in the generative process as below:
is given by Poisson Dirichlet process , , , . The model is suitable for understanding the sequence of the subject structure because it can represent a chapter, section, and paragraphs in the document. We assumed a topic distribution of a year determined by checkup data that depended on the previous year's topic distribution, and then calculated the topic distribution for a year based on both the word distribution for the current year and the topic distribution for previous years.
Feature Extraction
In the experiment, the model used a data set of medical checkups from 2011 to 2013, and checkup and medical cost data of 2014 were used to evaluate the model. Health checkup data were summarized for persons in each year. To transform the measurement data into a mixture of frequency of words, we used the entropy of information theory. This classification was performed by standardizing each value and dividing the checkup data into three kinds of six classes based on the standard deviation (σ). The entropy was calculated from stochastic distributions (Figure 2 ). For example, if class Low 2 has a 13% stochastic distribution for BMI, it gives 3 bits according to information theory, and thus assigning 3 words for low BMI. Claim data were also transformed into entropy based on probability of each person with a disease out of the sum of all persons with the disease for one year. Each person as a document, data for a person in one year as a segment, and information on individuals are considered words. We considered "No claims" if a person has no record of claims. Table 2 shows that the numbers in these columns show how many times these words appear in each segment. We used data on 6518 people as documents, 4 segments for each document, and 2 to 50 topics for calculation. The parameters were a=020, b=10, =0.10, and =0.01. 
Regression and Prediction
The topic distribution was obtained by SeqLDA. We used data from 2011 to 2013 as training and test data divided into 4:1. As dependent variables, the number of times and the medical costs of people with lifestyle-related diseases in 2014 by counting bills were calculated for a multiple regression analysis. For these two variables, we used two models as number of times and medical costs. We used R software for analysis.
To determine the optimum topic number, we calculated the R-squared coefficient, AIC, and BIC using all topics by increasing the topic numbers from 2 to 50. Next, we evaluated the models by calculating the effect of each topic for objective variable in each type model. In this process, we removed some topics that contributed little to the models based on AIC.
A threshold t was determined to evaluate models for predicting the risk and medical cost of lifestylerelated diseases. We used this threshold to judge the disease risk when the predicted risk value >= t. For evaluation to prediction, we used AUC of positiverate (sensitivity) and negative rate (1-specificity), which is the area under the ROC curve (DeLong et al., 1988) .
RESULTS AND DISCUSSION
Analysis and Prediction
To determine the optimum topic number by using outputs of both SeqLDA and LDA, we calculated the R-squared coefficient and AIC. As a result, we found the optimum topic numbers from 20 to 30 and did regression experiments. Multiple regressions analysis was done with data set of 5214 people. Topic distributions for 3 years of data (2011 to 2013) were calculated by both SeqLDA and LDA. The topic distribution for the last year (2013) was used as independent variables, and two kinds of dependent variables were used: the number of times that people acquired lifestylerelated diseases in 2014 by counting bills, and medical costs for lifestyle-related disease treatments. As a result of multiple regression analysis, the Rsquared coefficients by SeqLDA and LDA were 0.50 and 0.46 at the best of topic number, respectively, for the number of diseases model, 0.30 and 0.29 for the medical cost model. The residuals between actual data and predicted values for the number of diseases model are shown in Figure 3 . The mean squared error of residuals vs predicted values by SeqLDA and LDA are 7.31 and 7.58. However these differences were not statistically significant when changing topic numbers from 20 to 30. 
SeqLDA LDA
Next, we tried to predict the risk of lifestylerelated diseases by classification evaluation using risk value threshold t. The AUC of the receiveroperator characteristic curve by SeqLDA and LDA were 0.84 and 0.85 by the model of diseases when t = 4 (Figure 3, right) . AUC of using SeqLDA was more stable than that of LDA. The results of using the medical cost model were similar.
These results suggest that SeqLDA was a relatively good predictor of the risk of lifestylerelated diseases as well as conventional LDA. According to the theory of the SeqLDA, the accuracy of prediction should be better than LDA. Accuracy may be improved by using more periods of data sets because SeqLDA has more parameters for calculating θ than LDA. The model showed that predicting the number of times was more predictable than medical cost, which is because billing costs varied widely among the patients. Furthermore, our method for calculating the annual cost for patients was not exactly correct because it was difficult to estimate it from a claim which has several diseases names.
Feature Analysis of Topics
To confirm whether topics had the capability of classifying lifestyle-related diseases in people, we performed PCA analysis. The phi matrix of topic number 21 in SeqLDA and 22 in LDA was used for analysis. Figure 4 shows biplot of the PCA analysis of SeqLDA. The axis is the second principal component (PC2) and the fourth principal component (PC4), and the proportion of variance is 0.098 and 0.072, respectively. These components seem to describe lifestyle-related diseases, and topic 16 may have such words. We then analyzed the topic-word distribution with the φ matrix. Indeed, Topic 16 had words for lifestyle-related diseases and people with the high probability for this topic had abnormal values for checkup data (Table 3) . A similar result was seen in the case of LDA. These results support our classification and prediction for lifestyle-related diseases. 
CONCLUSIONS
We proposed a new method using SeqLDA for predicting the risk of lifestyle-related diseases. Using SeqLDA with health checkup and medical cost data for one year as a segment of documents, we made models for predicting lifestyle-related diseases. The model showed that predicting the number of times was more predictable than medical cost. And it was possible to predict risk. We also compared the conventional LDA method using the same dataset, and the model with SeqLDA is as good as the one with LDA. Thus, SeqLDA with healthcare data has a strong potential to predict the risk of diseases.
